Abstruct-We model tissue as a collection of point scatterers embedded in a uniform media, and show that the higher-order statistics (HOS) of the scatterer spacing distribution can be estimated from digitized radio frequency (RF) scan line segments and be used in obtaining tissue signatures. We assume that RF echoes are non-Gaussian, on the grounds of empiricaVtheoretical justifications presented in the literature. Based on our model for tissue microstructure, we develop schemes for the estimation of resolvable periodicity as well as correlations among nonperiodic scatterers. Using HOS of the scattered signal, we define as tissue "color" a quantity that describes the scatterer spatial correlations, show how to evaluate it from the higher-order correlations of the digitized RF scan line segments, and investigate its potential as a tissue signature. The tools employed, i.e., HOS, were chosen as the most appropriate ones because they suppress Gaussian processes, such as the one arising from the diffused scatterers. HOS, unlike second-order statistics, also preserve the Fourierphase of the signature, the color of the tissue response. Working on simulated and clinical data, we show that the proposed periodicity estimation technique is superior l o the widely used power spectrum and cepstrum techniques in tlerms of the accuracy of estimations. We also show that even when there is no significant periodicity in data, we are still able to characterize tissues using signatures based on the higher-order comulant structure of the scatterer spacing distribution.
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I. INTRODUCTION
LTRASOUND is one of the widely used medical imaging U techniques, due to its versatility, relative safety, low cost, and the availability of portable units. It is commonly used by radiologists as an adjunct modality in differentiating between cystic and solid masses, a crucial distinction in diagnosing cancer. Despite decades of research leading to many technological advances, the clinical diagnoses are still primarily based on qualitative evaluation of images by expert observers. There have been many attempts at developing objective tissue characterization criteria on the premise that there is much more observer-independent information available from ultrasound than what is currently being used. These are rooted on the fundamental notion that the biological tissues are composed of characteristic structures whose ultrasonic properties often change due to diseases. The goal of tissue characterization is the extraction of signatures that assume distinct values in the presence of normal and diseas,ed states of tissues, such that it is possible to differentiate between them. Although the exact identi1:ies of the physical structures responsible for ultrasound backscattering are generally unknown [5] , [22] , they can usually be characterized either as macroscopic or microscopic, compared with the wavelength of the interrogating ultrasonic beam. The tissue is often modeled as a collection of point scatterers, embedded in a uniform nonscattering medium. Considering the biological variabilities associated with tissues, the spatial distribution and the scattering strengths (scattering cross sections) associated with these scatterers are usually described in statistical terms. The statistics of the interscatterer spacing distribution are commonly used as tissue signatures.
In organs such as the liver the overall arrangement of the tissues consists of an organizeld repetition of a basic structural unit. This repeated structure is regarded to be providing resolvable, repeated scattering centers for the propagating ultrasonic pulse [7] , [lo]- [13] . It has been shown that a periodicity can be observed from the liver pulse-echo data, and the estimated periodicity can be linked to the mean scatterer spacing of the underlying tissue [lo] . It was also shown that the mean scatterer spacing may be used as a feature for tissue characterization of diffuse liver diseases, such as cirrhosis and chronic active hepatitis [lo], [13] .
The success of some of these methods [lo], however, was reported to be compromised by the presence of coherently reflecting structures such as lblood vessels. In [26] , the periodicity detection was carried out in the power cepstrum domain. In [13] , the liver tissue microstructure has been described by a three component model: the first component (diffuse) represents randomly positioned scatterers of sufficient concentrations to generate circular-Gaussian statistics; the second (regular) represents nonrandomly distributed coherent scatterers with long-range order (pseudo-periodicity); the third (short-range order) is due to organ boundaries and blood vessels, etc.
All of the above techniques are based on the autocorrelatiodpower spectrum of the observations, thereby neglect information contained in the Fouriter-phase of the radio frequency (RF) echo. In [9] and [28] the RF echo was modeled as a cyclostationary signal, thus preserving phase information. The embedded periodicity was detected in the frequency domain.
0278-0062/96$05.00 0 1996 IEEE That approach seemed to perform better than conventional power-spectral densitykepstra based techniques in detecting periodicity. Both in the cyclostationarity approach and the power cepstrum one it was assumed that the diffused scatterer spacings are uncorrelated.
The In 1161, it was shown that using power spectra, deterministic, membrane-like structures as well as structures consisting of random, diffuse structures can be characterized. In [ 171, effective scatterer sizes, concentrations, and acoustic impedances were investigated using power spectra, as potential tissue signatures. The effective scatterer size was reported to be the most important tissue feature sensed with the method of [17] .
In this paper, we use a point scatterer model similar to the ones in 191 and [ 131 to describe tissue microstructure, with the exception that our model takes the correlations existing among both resolvable and nonresolvable scatterers into account. This enables us to also consider cases of coherent long-range scatterer distributions which have high variances associated with the inter-scatterer spacing, i.e., almost no Periodicity, and, nonperiodic echos resulting from correlated, nonperiodic components of both diffused and structural scatterers. We assume that RF echoes are non-Gaussian, on the grounds of empirical/theoretical justifications presented in works such as [24] , [25] , and [27] . Based on our model for tissue microstructure, we develop schemes for the estimation of resolvable periodicity as well as correlations among nonperiodic scatterers. Using higher-order statistics (HOS) of the scattered signal, we define as tissue "color" a quantity that describes the scatterer spatial correlations, show how to evaluate it from the higher-order correlations of the digitized RI-scan line segments, and investigate its potential as a tissue signature. The tools employed, i.e., HOS, were chosen as the most appropriate ones because they suppress Gaussian processes, such as the one arising from the diffused scatterers. HOS, unlike second-order statistics, also preserve the Fourier-phase of the signature, the color of the tissue response.
Via computer simulations, we show that the proposed periodicity estimation technique is superior to the widely used power spectrum and cepstrum techniques in terms of the accuracy of estimations. We also provide preliminary evidence that even when there is no significant periodicity in data, we are still able to characterize tissues using signatures based on the higher-order cumulant structure of the scatterer spacing distribution.
THEORY
In the following, we use lower-case characters to symbolize time domain quantities and upper-case ones to denote frequency domain quantities unless otherwise specifically specified.
Assuming a narrow ultrasound beam, linear propagation, and weak scattering in the tissue medium, we model the ultrasonic RF echo, y ( t ) , by
where h(t) is the pulse-echo wavelet of the imaging system, ~( t ) is the zero-mean observation noise, and "*" is the linear convolution operator. The quantity f ( t ) represents the underlying tissue structure and will be called the tissue response.
A. The Tissue Structure
Following [ 5 ] , [9] In this paper, we describe liver tissue by a three-component model, which in addition to a) and b) above, also takes into account the correlations existing among i) diffused scatterer locations, ii) resolvable and unresolvable pseudo-periodic scatterers leading to long range order, and iii) collection of scatterers leading to short-range order, but not strong enough to violate the conditions of weak-scattering or the stationarity of the RF echo in a significant manner.
We model the tissue response f ( t ) by 3) the term r T ( t ) = EFL, w,6(t -0,) represents the periodic, resolvable scatterers.
Note that the terms ~, ( t ) and ~~ ( t ) are non-Gaussian, due to contributions from periodic structures and/or scatterers of short range order.
B. The RF-Echo
From (1) ( 5 ) 2) The Mixed, Non-Gaussian Component (MC): The mixed component y,(t) of the RF echo y(t) is given by Let us assume the following.
is a zero-mean process. Under A3) the third-order cumulants of ym(t) equal i = 1, 2, . . ., form a stationary process.
-( 7 1 , 7 2 ) =E{Ym(t)vm(t + 71)ym(t + 7 2 ) )
=Mim(71, 7 2 ) * &71, 7 2 ) (7) with N , N, N ,
where Al) has been used in obtaining (8).
Let the joint probability density function (arbitrary)
for the scatterer location triplets Aj9, Aq, As be given by f,(Ap, A, , A,). Then from (8) where the joint probability density function f , (~l , 7 2 ) now describes a (pseudo) periodic phenomenon, i.e., fr(71, 7 2 ) is a two-dimensional (2-D) bed of spikes, whose separation is equal to the mean-scatterer-spacing.
In the following we derivic an expression for f r ( 7 1 , Q), under the constraint that the resolvable periodic scatterers are separated by a constant time interval, T , i.e., the process is strictly periodic and the resolvable periodicity (unknown) Therefore, from (7) and (9) we obtain
where V p ( w ) is the Fourier tr,ansform of w p ( t ) . Let 
For the case V,(w) i S(w), from (12) and (18) we can obtain the bispectrum C3yr(w1, w 2 ) of y r ( t ) as
The third-order cumulant sequence e r (7-1, 7-2) of the RPC can be obtained from (19) through an inverse Fourier transform, i.e., ~3 y ' (~1 . 
C. The Proposed Method for the Estimation of Periodicity
From (18) and (22) we observe that the periodicity manifests itself in both bispectrum and the third-order cumulant domains.
In the cumulant domain, peaks are separated by the period T , while in the bispectrum domain the separation is 27r J T rad/S.
Let us form the weighted third-order cumulant projection (see and e? ( 7 1 , 7-2) are given by (10) and (20) .
Based on (26), the periodicity can be estimated from the $(7-1.
w) as the separation T between peaks along the 7-1-axis. Along the w-axis, the peaks are separated by the amount 2 n l T .
D. The Estimation of the Color of the Tissue Response
When the tissue under study shows no periodic variations in ultrasonic properties, the periodicity will loose its significance as a tissue signature, In the following we define a new quantity, the color of the tissue response to supplement periodicity as a tissue signature.
The contribution of the M C to the third-order cumulants of the F W echo is described by (10). The term K,f,(~l. 7 2 ) can be viewed as the third-order moment sequence of the signal
where e ( t ) is an i.i.d., non-Gaussian, zero-mean noise process, whose skewness is K,, and, g ( t ) is the signal whose thirdorder moment sequence is given by fm(71, 7 2 ) .
We will refer to g ( t ) as the "color of the tissue response."
The time domain equivalent of (10) becomes (28) where u ( t ) = g ( t ) * h ( t ) will be referred to as the combined kernel.
Assuming, that the support of the third-order cumulant sequence c f j (~1 , where TO z T and T is the known or estimated period of the RF data. Note that a precise knowledgi: of T is not required. T~) within a scalar and a time delay. In the work of this paper, we used the a-weighted cumulant projections (WCP)-based method of system reconstruction proposed in [2] , exploiting its low computational load.
The color of the tissue response, g ( t ) , compactly summarizes both phase and magnitude information available in the tissue response f ( t ) .
The quantities ut(t) and u j ( t ) obtained from two different A-lines "i" and " j " can be written as where h ( t ) , the pulse-echo impulse response of the imaging system, can be assumed to be invariant between the two locations "i" and ",j;" g z ( t ) and g3 ( t ) represent the color of the tissue responses at ''i" and " j , respectively." The quantities where { .}-' denotes the convolutional inverse.
If the estimations are from two re,gions with similar ultrasonic properties, for instance from two healthy regions of a liver, S;j(t) will approach a Dirac delta-function. On the other hand, if the two estimates are from two regions inside and outside a tumor which has brought in a change in the interscatter spacing distribution, then Sij ( t ) will depart from Dirac delta. Thus, the closeness of Sij to a Dirac delta performs as a relative tissue signature. We will estimate Sij from clinical images and validate its usefulness as a signature.
The quantities g i ( t ) and g;(t) can individually be obtained from (30) and (31) using a blind deconvolution technique [21] , i.e., a technique through which the input to a system can be obtained when only its output is known. Preliminary results of a blind deconvolution approach to separate yi(t) and .9;(t) have been reported in [4] .
E. The Effects of Attenuation and Finite Data Lengths
The results in Section I1 were derived under the assumption of an infinite tissue media. However, in practice we have access to only finite-length data records. With such records, one can obtain, parallel to the situation in autocorrelation estimation from finite data, only a statistical estimate of the true higher-order cumulants of RF data. (22) and (26) with the quantity c g (~1 , From (37) we note that the differences in attenuation characteristics at locations "i" and ";i" are also captured in S i j .
&(to, t ) .
ui(t) = a i ( t 0 , it) * g i ( t ) * h(t) ' U j ( t ) =a,(&), t ) * .9j(t) * h(t)(
DATA COLLECTION

A. Simulated Data
We simulated digitized ultrasound RF scan lines on a computer, using a model similar to the ones used in [7] , 191, and [14] . Scatterers were modeled as a collection of points, distributed according to some probability density function.
A uniform probability density function described both interscatterer spacings and the scattering strengths related to the DC component. The RPC scatterer spacings were described by a I?-probability density functions, because of the relative ease with which one can obtain inter-scatterer spacings ranging form almost periodic to uniform. Scatterer strengths were also modeled with a r-density function with a different set of parameters. The quantity B / P , where p is the mean and B is the standard deviation, of the scatter-strength distribution was set to 0.35, so that we get a wide variation in strengths. The program also had the capacity to simulate correlated scatters contributing to the M[C component, via another rdistribution. The correlations in the scatterer spacings were obtained by filtering them through a linear, time invariant system of arbitrary frequency response. Observation noise, which is unavoidable in any physical measurement, was modeled by a zero-mean Gaussian process as is commonly done. Observation noise was allowed to be a colored process.
The center frequency of the transducer was 4.2 MHz; the pulse envelope followed a Gaussian shape and its 3 dB bandwidth was 2.5 MHz. The sampling frequency of the data acquisition was selected to be 20 MHz.
B. Clinical Data
To demonstrate the performance of our method under clinical conditions, we used liver scans of healthy volunteers, (Volunteers I and IT) and a patient (hypoechoic tumor of the liver) imaged by ultrasonologists at the Thomas Jefferson University Hospital, Philadelphia, PA, on a model UltraMark-9 system manufactured by Advanced Technology Laboratories, Seattle, WA. A linear array, sector scanner with a nominal center frequency of 3.5 MHz and a field of vision 60" was used as the transducer. In the cases of Volunteer I and the patient, the focus at transmission was set at a depth of 20 mm (approx.); multifocusing had been used for Volunteer 11, with focii set at depths of 77, 100, and 125 mm's (approx.). Dynamic focusing was applied in the receiving mode. The data were sampled at 12 MHz.
IV. RESULTS
A. Cumulant Estimation Procedure
Both of the tissue signatures proposed in this paper rely on computing the third-order cumulants from digitized RF scan line segments. In the following we describe the procedure followed to estimate them. In the following, we assume y(k) to be an ergodic process. S1) Segment the ith data record yi(k) into K records of length N samples each; subtract the mean of each record to form the zero-mean subsegments yij(k). S2) Estimate the third-order cumulants E y 1 3 (~: p ) of each subsegment yi3 ( k ) , j = 0, 2 . . . K -1 according to
where M is the length of third-order correlation lags considered in the computation. (26)]. The spacings between adjacent spectral peaks, which is given by 27rlT according to (26) , can be obtained from Fig. 2(a) -(c) and periodicity be determined.
Next we computed the power spectrum and the power cepstra of the same set of data. Data were segmented exactly the same way as for the cumulant estimates, and the average autocorrelation over segments obtained. The autocorrelation estimates were smoothed through a Blackman window, before computing the power spectrum. Fig. 3(a) -(c) shows the power spectra estimated for the cases w = 0.03, 0.15, and 0.35. Note that the power spectrum reveals the periodicity only for the case ' U = 0.03, which corresponds to an almost periodic scatter spacings. Based on power spectra, the power cepstra illustrated in Fig. 3(d) -(f? were computed; the dotted lines in these figure corresponds to the true mean scatter spacing, 1.0 mm. The power cepstrum shows a well localized peak for li = 0.03 and a reasonably well localized peak for the case w = 0.15. However, it shows a large spurious peak for the case w = 0.35 which overshadows the true peak.
We ran 50 Monte Carlo runs on the mean scatterer-spacing, based on the power cepstrum and the proposed method, corresponding to the case 21 = 0.15, and the mean-scattererspacing = 1.0 mm. Due to poor performance, the power spectrum method was excluded. In estimating the periodicity via the proposed method, the first peak location was obtained as the location corresponding to the highest peak in the region 0.4-2.5 mm. The same procedure was used in the case of the power cepstrum method. Table I illustrates the results we obtained. These results illustrate that the proposed method outperforms the power cepstrum in estimating periodicity. Better estimates of the cepstrum can be obtained with parametric methods such as the AR approach considered in [26] , when the model order is known fairly accurately. However, the estimation of the model order is not always a trivial task. In this paper, our use of nonparametric techniques to compute the power cepstrum is justified because we used nonparametric techniques to compute higher-order cumulants too.
where N, is the number of resolvable scatterers in the data segment considered. If the normalization term N, is not included, the SNR measure dloes not represent the true situation. For instance, there c,an be cases with only a few resolvable scatterers over a long tissue length, where the energy per scatterer is high enough so that the periodicity can be determined without processing the signal, but still leading to a misleadingly low SNR measure. Fig. 4 illustrates the results of the proposed method and the power cepstrum one. Fig. 4(a)-(c) show I p z (~1 . w)i projected along the w-axis for cases 'U = 0.03, 0.15, and 0.35. Figs. 1, 4, and Table I suggest that the HOS-based periodicity estimation technique proposed in this paper outperforms both the power spectrum and the power cepstrum. A problem often encountered with the power cepstrum is that it tends to produce spurious peaks in the presence of noise. Power cepstrum computations are heavily affected by the DC component and also the observation noise in RF echoes. Any noise escaped through the averaging and windowing operations at the autoconelation estimation process, may contribute a large, slowly decaying component to the power cepstrum, thus masking small peaks. Spurious peaks pose a serious problem to the periodicity detectiodestimation process. Fig. 4 indicates the fact that in the presence of the DC, the problem of spurious peaks gets aggravated. Since HOS suppresses the DC component and measurement noise, the proposed technique is robust against their unwanted effects.
3) Clinical Data-Normal Subjects: In this section, we present the periodicities estimated from clinical images, using the higher-order techniques. In all clinical images, we used M = 80, N = 128, and K = 5. Each segment corresponded to a length of 8 mm (approx.) in tissue. Fig. 5(a) , and its smoothed projection along the w-axis is shown in Fig. 5(b) . The power spectrum and the power cepstrum computed from the same data using the same parameters as those used in the computation of cumulants, are illustrated in Fig. 5(c) and (d) . The period estimated from the cepstrum and the proposed method are 1.28 mm, and 1.3 mm, respectively. Periodicity is much more evident in Fig. 5(a), (b) , which suggests that the proposed method is better than both the power cepstrum and the power spectrum. From the power cepstrudspectrum it is impossible to see repeated peaks confirming a suspected periodicity, whereas repeated peaks are clearly seen in higherorder estimates. Fig. 6(a) shows the quadrature demodulated, logarithmically compressed liver image of Volunteer I; the histogram of estimated periods obtained from throughout the image, where periodicity could be detected, is shown in Fig. 6(b) . The average value of the period evaluated using the proposed method over 80 estimations was 1.03 mm, at a standard deviation of 0.26 mm. Fig. 6 (c), (d) shows similar results for Volunteer 11, where the average = 1.07 mm and the standard deviation = 0.25 mm. In these images, periodicities were estimated in a depth of approx. 35-51 mm from the transducer surface.
) Clinical Data-Tumor of the Liver:
In this section we report the results of our attempts to estimate periodicities from focal diseases of the liver. We obtained a clinical image of a patient diagnosed with a hypo-echoic tumor of the liver (see Section 111-B) and applied higher-order periodicity detection schemes proposed in this paper. Fig. 7(a) shows a part of the image we used. Periodicities were estimated at a depth of 48-65 mm from the transducer surface. The focus of the imaging system at transmission had been set at about 20 mm from the transducer surface; dynamic focusing was used in the receive mode. In this simulation, we used M = 80, N = 128, and K = 5. Fig. 7(b) shows the histograms of the periodicities estimated using the proposed method from within and outside the tumor. The mean and the standard deviation of the scatterer spacing obtained from within the tumor are 1.07 and 0.42 mm, respectively. For regions outside the tumor, corresponding values were 0.97 and 0.31 mm.
Based on Fig. 7 , we conclude that there is no significant difference in periodicity within and outside the tumor. These results highlight the fact that there are important clinical situations where the periodicity detection fails to delineate normal from abnormal tissue. This can happen either because there is no discernible change in the periodicity inside and outside the diseased area, or there is no periodicity associated with the concerned tissues at all, irre:spective of normal or diseased.
In the following, we investigate the performance of the color of the tissue response as a tissue signature in such situations.
C. Estimating the Color of the Tissue Response 1) Simuluted Data:
We simulated two realizations of digitized RF scan line segments corresponding to two differentlycorrelated, inter-scatterer spacings. In the first case an RPC component was generated with w = 0.05. The simulated RF echo was close to purely periodic, whose cumulants sequence was only slightly affected near the origin by the linear time invariant system of arbitrary frequency response.
The echo corresponding to this scatterer distribution was taken as the second realization of the digitized RF scan line segment.
To both of these realizations, a DC was added at a SNR -17 dB, defined according to (40) to get the two digitized RF scan line segments 1~1 ( k ) and y2(k). In order to simulate the effect of observation noise, we added white, Gaussian noise at a SNR, SIN = 10 dB, where the ratio SIN was defined to be where y , ( k ) , i = 1, 2 are the two digitized RF scan lines under study and w(k) is the observation noise.
From the two sets of digitized RF scan line segments y l ( k ) and y2(k) so generated, we estimated the third-order cumulant sequences c!' (71, 7 2 ) and c y (71 7 2 ) according to Steps S 1)-S4). To separate the nonperiodic parts ( T~ T~) and C ? ( T~, 7 2 ) from c i ' (~1 , 7 2 ) , i = 1, 2, and to reduce the estimation variance associated with the cumulants, we applied a minimum bispectrum bias supreme window of length M on the cumulant sequence obtained through Steps S 1)-S4). We used M = 30, N = 128, and K = 8, in following S1)-S4). Fig. 8(a) shows the results of 50 Monte Carlo runs for :he The shaded area represents the average I-t standard deviation.
The dash-dotted line indicates the true ultrasonic pulse used in the simulations. Fig. 8(b) shows the corresponding figure obtained with 50 realization of y 2 ( k ) . It can be seen that the contributions of the correlated scatterer locations affect the estimated combined kernel u~(lC). However, from Fig. 8 we can see that the larger quantity h(t) masks the smaller differences between u1 ( k ) and ua ( k ) .
We formed the estimator Si,, i = 1, 2, and j = 1 according to (32). Fig. 8(c) indicates the result S 1 1 over 50 Monte Carlo runs; 5'21 is shown in Fig. 8(d) . The average estimate is shown in a solid line, while the shaded area represents average one standard deviation. Fig. 8 suggests that our estimator S,, , i = 1. 2, and J = 1 is capable of detecting the color difference between y1 ( k ) and yz ( k ) .
) Clinical Data:
To investigate the performance of the color of the tissue response as a signature in clinical situations, we attempted estimating the color of the tissue response measure S,, from images of the liver shown in Fig. 9(a) . In estimating the cumulants we used N = 128, M = 25, and K = 3, where the three segments corresponding to K = 3 came form three adjacent A-lines located at the same depth of the image, i.e., from each A-line we considered data segments of length 128 samples (8 mm in tissue space). and U&) estimated from within and outside the tumor, respectively. Solid line indicates the average estimate, while the shaded area represents average f one standard deviation. The estimates 5'11 and 5'21 are shown in Fig. 9(c), (d) . 
v. DISCUSSION AND CONCLUSIONS
We modeled biological tissue as a collection of point scatterers positioned in a uniform nonscattering media. Based on the HOS of scatterer spacings, we derived a technique to estimate mean-scatterer spacing, which has received a lot of attention in the past as a potential tissue signature for organs with periodic variation of ultrasonic properties. We also proposed a higher-order-spectra based tissue signature, the color of the tissue response to supplement situation where there is no periodicity or periodicity fails to delineate normal from abnormal tissue. Using simulated data, it was shown that the periodicity can be better visualized and detected in the higher-order spectra domain. Since zero-mean Gaussian processes are suppressed in higher-order domain, the proposed method is robust against additive measurement noise unavoidable in data acquisition. Microscopic, diffuse scatterers of the size of individual cells often lead to RF echos with circular Gaussian statistics. Thus the proposed method is insensitive, unlike power spectrdcepstra techniques, to the diffused component, because of the property that HOS suppress Gaussian processes. This makes the higher-order spectra domain a well suited place to estimate periodicity associated with medical ultrasound data.
The periodicity has been proposed as a potential tissue signature in detecting liver diffuse diseases such as cirrhosis and chronic hepatitis [lo], [13] . Using the HOS-based schemes proposed in this paper, we estimated resolvable periodicities from healthy livers and a liver with a hypoechoic tumor. Although we were able to detect and estimate periodicity from all images, we observed that there is no significant difference in the mean-scatter-spacing estimated from within and outside the tumor under study.
Detecting and estimating periodicity from clinical data is not always a simple task. In methiods such as [lo] and [13], the presence of coherently reflecting blood vessels, for instance, confuse the periodicity estimation process. There are also a lot of biological variations and imaging-equipment dependent factors such as the focus points of the system, beam width etc. which compromise the de:finition of periodicity, and its estimation. Tumors are highly irregular, complex structures whose organization depends on the type of the tumor and the stage of growth. There ca.n be regions of necrosis, and regions with various levels of perfusion, served by a network of haphazardly developed bloold vessels [23] . Even when the organ under study has periodic ultrasonic properties, there can be situations where there is no characteristic period which would have enabled us to detelct abnormalities. It is plausible to expect such situations in the presence of a malignant tumor growing dendrites into a periodic structure, such as the liver.
Methods that can only estimate periodicities associated with resolvable scatterers will not be able to capture the true picture in such cases. The higher-order spectra basled tissue signature, the color of the tissue response proposed in this paper, compactly summarizes the correlation structure existing among the scatterers of both short-range and long-range order. It is largely independent of the axial pulse echo impulse response of the imaging system h(t), and also, does not require the RF echo be periodic.
Therefore, the color of the tissue response can perform as a tissue signature which supplements the periodicity, and be measured even when the periodicity is not defined. Correlated, unresolvable scatterers can be expected in situations such as the tumor micro-vasculature. Since our model includes the correlations among unresolvable scatterers, the effects of microvasculature is automaticadly included.
We estimated the color of the tissue response from within and outside of a hypoechoic tumor of the liver. We observed different colors of the tissue responses for the two cases, indicating characteristic scatter correlation structures inside and outside the tumor. Currently, investigations are under way to devise tumor detection sche:mes based on the color of the tissue response, as observed from RF data corresponding to traditional B-scan images.
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